INTRODUCTION
Aircraft noise can disturb sleep. The circumstances that produce disturbance have long been studied and continue to be investigated. [1] [2] [3] [4] [5] [6] [7] [8] [9] In many such studies, results are expressed as the percent of awakenings likely to occur as a function of a single-event noise metric (for example Fig. 1 
from Ref. 2).
Though such results provide insight into the average sensitivity to awakening from single noise events, they have two shortcomings. First, they provide no direct way to estimate percent of the population likely to be awakened from a full night of aircraft noise events. Second, they represent average sensitivity to awakening, losing information about the range of sensitivities that are likely to exist in any exposed population, and raising the possibility that estimates of total awakenings will be incorrect-since applying average sensitivity to all people can incorrectly compute total awakenings (see Sec. 6.3 below).
One method to overcome these shortcomings was developed for possible regulatory use by the European Union, in response to the European Noise Directive. 10 This directive specifies the cumulative metric L night (the annual-average equivalent sound level between 11 p.m. and 7 a.m.) to assess sleep disturbance. For sleep disturbance produced by aircraft noise, this regulatory guidance addresses (1) the expected maximum number of noise-induced motilities (body movements while asleep) and (2) the increase in mean motility-both as a function of L night . 11 This use of L night , however useful for regulatory purposes, is likely to have some of the same difficulties encountered with other cumulative metrics such as the Day-Night Average Sound Level (DNL). Primarily, it is difficult (if not impossible) to relate specific aircraftnoise effects to such cumulative metrics (e.g., what percent of the population will be awakened?). So too, it is difficult to communicate to decision-makers and to the public the meaning of changes in such cumulative metrics-especially in easily understood terms such as "the expected change in percent of the population awakened."
What the authors wish to achieve, with the alternative analysis described here, is an advance on the dose-response relationship previously recommended by FICAN (solid curve in Fig. 1 ) and an improvement in the utility of the results of past sleep-disturbance studies. This alternative analysis estimates the percent- age of the population awakened (once or more) by a full night of aircraft operations, taking into account the large person-to-person variability in sensitivity to noise-induced sleep awakening. For this estimate, the analysis uses Sound Exposure Levels (SELs) and their timings through the night, as computed by the Federal Aviation Administration's Integrated Noise Model (INM) at grid points around an airport. Section 2 of this paper summarizes the data for this alternative analysis. The U.S. Air Force provided these data, which were previously obtained by Dr. Sanford Fidell and his co-workers under contract to the U.S. Air Force and were previously reported in Refs. 3, 4, 6, and 7. The data are divided into two sets: (1) the "regression" set, used to develop the analysis method and results, and (2) the "validation" set, used to test the results.
Section 3 describes the alternative analysis, along with its resulting dose-response relationship for single events and the generalization of that relationship to a full night of aircraft noise events. The multiple-event analysis accounts for each person's specific exposure to aircraft SELs and their timings during the night. Moreover, the analysis allows determination of sleep awakening for population sub-groups, each with a different awakening sensitivity to aircraft noise, then the summation of total sleep awakening experienced by the entire population.
Section 4 describes the validation of these results using the validation data (same sleep studies, independent set of subjects), for which specific subject sensitivities are treated as unknowns-as they would be in application to an independent airport population. The validation tests address (1) potential bias with independent data, and (2) validity of computed uncertainties using the validation data.
Section 5 then describes how the results can be applied to a specific airport-to determine at specific INM grid points the percent of people awakened during an average night. In conclusion, Section 6 summarizes and discusses the main points of this paper.
DATA

Data Came from Prior Studies
Data for this paper were obtained in people's homes by Dr. Sanford Fidell and his co-workers and have been previously reported in the acoustical literature. 3, 4, 6, 7, 12 
Fig. 2-Aircraft noise events experienced by subjects: LAX.
These data were collected during sleep-disturbance studies near three air facilities: Los Angeles International Airport (LAX), Denver International Airport (DIA), and Castle Air Force Base (Castle). At these facilities, aircraft noise was measured in 84 test-subjects' bedrooms, while their "behavioral awakening" was simultaneously monitored (they pressed a button whenever they awoke).
Subject Awakening Sensitivity was Essential to this Alternative Analysis
Figures 2-4 plot each measured aircraft indoor SEL, separately for all 84 test subjects in the original studies. The SELs with large symbols awoke the subject; the small-symbol SELs did not.
As is obvious from these figures, test subjects varied significantly in their sensitivity to aircraft noise. For example, LAX Subject 29 shows high noise sensitivity, while LAX Subject 12 does not. This large subject-tosubject variability suggests "subject awakening sensitivity" as an important controlling variable in the analysis-a variable not included in prior analyses.
Use of this "sensitivity" variable, however, restricts this paper's analysis to those subjects awakened at least once by aircraft noise. Only such subjects have sensitivities derivable from the data. Therefore, this analysis excluded all test subjects who never awoke due to aircraft noise during their entire noise study-17 out of 84, leaving 67 suitable test subjects. The excluded subjects were of three types: (1) apparently imperturb- able subjects (Castle Subject 4, for example), (2) subjects not tested long enough to be awakened (LAX Subject 10, for example), and (3) subjects intermediate between these two extremes (DIA Subject 26, for example).
In total, the remaining 67 suitable subjects were tested over 865 subject-nights, while exposed to 11,084 aircraft events (averaging 13 per subject-night, 72 dB aircraft indoor SEL). Analysis data also include the timing of each aircraft event and whether or not that aircraft awoke the subject-plus additional explanatory variables such as the subject's duration of residence, age, and tiredness before retiring. Table 1 further summarizes these data.
Data were Split into Regression and Validation Subsets
Prior to analysis, test subjects were randomly split into two subsets: a "regression" subset (33 subjects, with 7,139 aircraft-noise events) and a "validation" subset (34 test subjects, with 3,945 aircraft-noise events). 13 Table 2 summarizes these two data subsets.
Data for the regression group of test subjects determined this paper's dose-response relationships. Data for the validation group were used to test the analysis results. The regression and validation subsets did not share any test subjects.
ANALYSIS
Logistic Regression Determined the Single-Aircraft Dose-Response Curve
The sleep-awakening relation for single aircraft was determined from the regression subset of test subjects, using logistic regression with this functional form: 14, 15 p awake,single = 1
͑1͒
From this dose-response relation, the probability of being awakened by a single aircraft is a function of the following:
(1) L E , the aircraft indoor SEL (dB) (2) A summation of terms for potentially nine additional explanatory variables (see Table 3 ) (3) A summation of the "sensitivity" terms, one for each of the 33 test subjects in the regression data-but minus one "reference" test subject, whose sensitivity is subsumed in the constant ␤ 0 . In this equation, each explanatory variable is multiplied by its corresponding regression coefficient, ␤. For the subject-sensitivity terms, each ␤ s is one test subject's sleep-disturbance sensitivity to aircraft noise-multiplied by a dummy variable, d s , that is unity for that test subject and zero for all others. coefficients, this range will not include zero-and correspondingly, the p-value will be less than 0.05.
Regressions 1 and 2 Provided a Baseline
Regression 1 is the sparsest regression of interest. Its SEL regression coefficient is well determined: p Ͻ 0.001, corresponding to a standard uncertainty very small compared to the coefficient, itself (0.00950 compared to 0.03888). That regression coefficient provides a baseline for comparison with Regressions 2 and 3.
Regression 2 is the most complex regression that excludes subject awakening sensitivity. Its SEL coefficient is well determined and is somewhat larger than for Regression 1. Note that several coefficients in this regression are not well determined: subject age, all but one of the tiredness coefficients, indoor ambient sound level, and spontaneous button pushes (marginally well determined). Either these variables are not truly important to sleep awakening or their association is too weak to determine with this quantity of data. These variables were dropped from further consideration. 
Regression 3 Carried Forward in the Analysis
Regression 3 is carried forward in the analysis. From the regression coefficients in Table 3 : 
͑2͒
where, for compactness, the sensitivity coefficients of Fig. 5 are not explicitly included. [17] [18] [19] The time since retiring, T retire , is retained. In addition to variables previously dropped, this regression also drops duration of residence. 20 As an example of this equation's use, the probability of awakening a 50-percentile person (␤ 50% = −0.038 from Table 3 , d 50% = 1, all other d s = 0) computes to 0.05-for an aircraft indoor SEL of 80 dB that occurs four hours (240 minutes) after the person retires. The corresponding probability of "sleeping through" that aircraft is 0.95. Figure 6 graphs the dose-response curve for a single-aircraft event, as computed with Eqn. (2) . Each frame of the figure has a heavy line that is the percentage chance of awakening (100 times the probability) as a function of the aircraft indoor SEL. This line is flanked vertically by its 95% confidence bounds. For any value of SEL on the horizontal axis, we are 95% certain that these confidence bounds contain the true response between them. Mathematically, these confidence bounds depend upon the standard uncertainties of all the regression coefficients, as well as the correlations among these uncertainties (see Sec. 7 for a derivation/discussion of uncertainty, and thereby for a further explanation of this statement about uncertainty).
In addition to aircraft indoor SEL, the response to a single-aircraft event is also a function of that noise event's "time since retiring" and of the subject's sensitivity. To show those two dependencies, the figure plots the dose-response curve for these nine combinations: (1) three different times since retiring, across the figure, and (2) three different subject sensitivities, down the figure (see the top and left labels). Finally, the histograms at the bottom of the figure show the distribution of aircraft indoor SELs in the regression data set for each of the three time periods. Figure 6 illustrates Eqn. (2) and shows that increased awakening is associated with (1) increased SEL (as expected), (2) increased time since retiring (as found in previous analyses of these data 3, 4 and in a more recent study 21 ), and (3) increased subject awakening sensitivity (no surprise, but newly quantified in this analysis). Uncertainties are very small at low SELs, due mainly to the zero lower-bound constraint on the chance of awakening. At intermediate SELs, uncertainties remain small-due to large numbers of intermediate-SEL data (see the histograms in Fig. 6 ). At high SELs, uncertainties are significantly larger, due to very few high-SEL data. Although harder to see in the figure, uncertainties also depend upon time since retiring and subject awakening sensitivity, though in a complex way that depends upon SEL, as well.
Regression 3 Generalized to Multiple Aircraft each Night
Application of Eqn. (2) to an entire night of aircraft requires generalization from a single aircraft to multiple aircraft. The approach used here is to determine first the probability of sleeping through all aircraft during the night and subtracting that probability from unity, yielding the probability of awakening at least once during the night.
Fig. 5-Histogram of subject-awakening-sensitivity coefficients.
The probability of sleeping through all aircraft equals the joint probability of sleeping through the first one, and sleeping through the second one, and sleeping through the third one, and so on. For example, with multiple SELs of 80 dB, four hours after retiring, the probability of a 50-percentile person sleeping through the first aircraft is 0.95. Therefore, the probability of sleeping through both the first and the second is 0.95 multiplied by 0.95 (95% of 95%), which equals 0.90. Another multiplication is required for the third aircraft, multiplying again by 0.95, to get 0.86. The more aircraft that fly over, the lower is the probability of sleeping through them all, as expected. In general: 
where a =1, ... ,N is an index over all aircraft during the night. 22 In turn, the probability of awakening at least once during the night follows from the reciprocal nature of "sleeping through" versus awakening:
where p awake,single is determined by Eqn. (2) . As indicated in these two equations, p sleep and p awake sum to unity, for both single and multiple aircraft. Figure 7 graphs the resulting dose-response curves for multiple aircraft. As with the previous figure, each dose-response curve is flanked vertically by its 95% confidence bounds. To show dependence upon the number of aircraft during the night (top labels), the curves in this figure are based on a time after retiring of four hours. Governed by Eqn. (4), the figure shows increased awakening for larger numbers of aircraft during the night: from one, to five, to ten aircraft across the figure. Additional awakening would occur for even larger numbers of aircraft during the night.
The curves of this figure were computed assuming the most likely value of sensitivity (the 50-percentile person)-in contrast to Fig. 6 , in which the effect of sensitivity was considered known and shown explicitly. Hence, the dose-response curve in the upper left of Fig.  7 (1 person, 1 aircraft at 4 hours after retiring) is the same as in the center frame of Fig. 6 . What are different between the two are the confidence limits. They are much wider in Fig. 7 because the true sensitivity of the person is unknown-as it would be in an actual application around an airport-whereas that frame in Fig. 6 is for the 50-percentile person.
What is most important to observe is that in Fig. 7 , increasing the number of persons averaged and/or increasing the number of aircraft events significantly reduces the uncertainty of the relationship. As the number of aircraft increases, that uncertainty becomes less because the person's individual response is averaged over more and more aircraft (which affect the person independently, no matter what the person's sensitivity).
Lower rows in Fig. 7 show the effect of increasing the number of persons averaged. The uncertainties diminish dramatically as this number increases. Note that the diminishing uncertainty becomes stable after approximately 100 people are averaged-that is, the bottom row of graphs (1000 persons) shows essentially the same uncertainty as the row above it (100 persons). This stability occurs when the sensitivity contribution to total uncertainty becomes less than the contribution due to uncertain regression coefficients. To reduce uncertainty further would require more sleep-study data, to obtain better-known regression coefficients. In the bottom-right panel of the figure, the combined effect of averaging people and averaging aircraft is dramatic-an uncertainty of only plus/minus several percentage points.
VALIDATION
The regression coefficients in Eqn. (2), as well as the confidence bounds in Figs. 6 and 7, were all developed by analysis of the "regression" subset of data. How valid are these coefficients and uncertainty computations for independent data? This section tests their validity using the "validation" subset of data, which did not contribute in any way to the regression derived above.
Bias Appears Small using Validation Data
The bias test is most straightforward. It is applied to two situations: (1) predicting awakening from single aircraft events, (2) predicting awakening from full nights of aircraft events.
Single aircraft events
Regression bias for single aircraft events was computed as follows. For each aircraft noise event across all "validation" subjects, the probability of awakening was computed with Eqn. (2) . These computations used each aircraft's indoor SEL and its time after the subject retired (both measured), but did not use each subject's sensitivity to aircraft sound because that sensitivity was not known for "validation" subjects. Rather, the average (expected) sensitivity, derived for the "regression" subjects, was assumed for each validation subject.
Then all these probabilities (one for each subjectaircraft pair) were averaged and multiplied by 100, to obtain 4.7 percent. This computed "percentage chance of awakening for single aircraft events" was then compared to the percentage of events that actually awoke the "validation" subjects: 5.3 percent. The first row of Table 4 contains that computed/actual comparison. As shown, the computations under-estimate the actual single-event awakenings by only 0.6 percentage points.
Full nights of aircraft events
Regression bias for full nights of aircraft events was computed as follows. Equations (2) and (4) were first used to compute the probability that each "validation" subject would awaken at least once during each nightagain assuming average sensitivity for each subject.
Fig. 7-Dose-response curves and their uncertainties: Multiple aircraft and multiple persons averaged (4 hours after retiring, most-likely sensitivity).
Then all these probabilities (one for each subject-night) were averaged and multiplied by 100, to obtain 26.3 percent. This computed "percentage chance of awakening at least once during the night" was then compared to the percentage of subject-nights for which the subject actually awoke: 23.7 percent. The second row of Table 4 contains that computed/actual comparison. As the table shows, the regression's multiple-aircraft bias equals only +2.6 percentage points.
Computed Uncertainties Appear Valid for Validation Data
This second validation test is more complex. It tests whether the confidence bounds in Figs. 6 and 7 are reasonable to apply to independent data (the validation data set). Of most importance is the validity of confidence bounds for multi-person averages and for multiple aircraft during the night-because when this sleep-awakening method is applied to an actual airport, it will be applied to a group of people (a census block, for example) for a full night of aircraft operations (Sec. 5, below). Testing these data-hungry averages required this paper's validation data set to be a larger-thannormal fraction of the total data set.
For this test of uncertainty, all validation data were first grouped by subject-nights. Then these were put in random order and further grouped into sequential blocks of subject-nights. Each subject-night was kept intact so that awakening of a single subject from a full night of aircraft events could be assessed. The uncertainty computations were made for 50, 90 and 95% confidence intervals, with block sizes of 3, 6, 12, 25, 50, 100 and 200 subject-nights. Figure 8 shows the result of this uncertainty test for the 95% confidence interval, averaged 12 subjectnights at a time. The figure plots the chance of awakening at least once during the night, separately for each of the resulting 34 blocks of data. For each block of subject-nights, the solid symbol shows the computed chance of awakening, based upon the dose-response equation. The vertical bar shows the 95% confidence limits of that computation, based upon the actual SELs and timings of all aircraft over all 12 nights in that block. This confidence interval is relatively small for blocks of data with many aircraft events or with lower-SEL events, for which the awakening potential is known with more certainty.
For comparison with these computed results, the figure's empty symbols show each block's actual percentage of subject-nights in which the subject awoke. Of interest is how completely the computed confidence bounds capture the actual percentage awakened. In other words, what fraction of the empty symbols actually lies within their block's computed 95% confidence interval? In the figure, the target capture rate was 95%, while the actual capture rate was less than that-85%.
For this situation of blocks of 12 subject-nights, the computed confidence limits are slightly too small. If the confidence limits were to enlarge just a little, they would capture 95% of the empty symbols-more than the 85% currently captured. This result is expected. Independent data (in this case the validation data) always never fit better than do the data that generate the regression curve and its uncertainty. In the figure, actual awakenings for five blocks are outside of the computed 95% confidence intervals for those blocks (5 out of 34 equals 15 percent). Close examination of the figure, however, shows that the computed confidence limits do not miss those empty symbols by very much. In fact, none misses enough to be discerned in the figure. Table 5 summarizes the full set of validation results for this test-all three confidence intervals, totaled over all seven block sizes. As the table shows, the undercapture of uncertainty is relatively minor, on the average. For the validation data, the uncertainty computations under-estimate the target confidence bounds by only several percent. This is strong validation that the uncertainty computations transfer closely to independent data. In other words, the sleepawakening analysis method, with its coefficients and uncertainty bounds derived from the regression data, can be used confidently for independent populations.
APPLICATION TO AN AIRPORT SCENARIO
The results of the analysis in this paper lead to an algorithm that, for a given set of nighttime aircraft operations, estimates what portion of the population will be awakened at least once during the night. 23 A computer program, such as the INM, is run to determine the set of nighttime SEL values that occur at a series of grid points, each associated with a population. The succeeding calculations are iterative and are conducted at four nested levels:
• For each grid point, associated with a population • At each grid point, by population group based on sensitivity to awakening • For each time period of the night • For each aircraft SEL, adjusted for outdoor-toindoor sound level reduction. This sequence of calculations yields both the percent of people and the number of people likely to be awakened at least once during the night at each grid point. 24 For airport application, the following equation combines the results of Eqns. (2) and (4), above, with the additional nesting by population group and time period of the night:
In this equation:
(1) p awake,GridPoint is the probability of awakening at least once per average night, for all persons living at an INM grid point. (2) The summation is over the 33 population groupings, g, in Table 6 (each 0.25 logit interval from −4.00 to +4.00).
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(3) F g is the fraction of the population in the g th population group (see Table 6 ). (4) ␤ g is the sensitivity of the g th population group (see Table 6 ). (5) a i is an index for the a th aircraft in the i th time interval, where i ranges from one to I (see Table  7 ). (6) L E , is the aircraft indoor SEL. (7) ͑T retire ͒ i is the mid-point time of the i th time interval since retiring, in minutes. Note that for N identical aircraft:
͑6͒
By combining identical terms in this manner, Eqn. (5) also works properly for fractions of an aircraft. For example, with one-third of an aircraft, N equals 1/3 in Eqn. (6)-yielding a smaller percent chance of awakening, compared to a full aircraft. Three such fractional aircraft contribute three such terms, each raised to the one-third power. The product of these three terms equals a single term with unity exponent, as expected.
Although fractional aircraft have no physical reality, annual-average aircraft operations at airports always include such fractions (yearly operations for a specific aircraft/track combination, divided by 365 days). The INM routinely handles such fractional aircraft when it computes yearly average DNL. For sleep awakening, terms like Eqn. (6), imbedded in Eqn. (5) where needed, permit fractional aircraft, as well.
Numbers of people can be totaled over all grid points, as a single-number comparison among alternative scenarios. Contours of percent awakened can graphically illustrate the geographic distribution of sleep awakening-with a metric that is generally understood by airport neighbors and decision-makers. The following subsections provide a more detailed prescription for the associated calculations. 
INM Grid Points are the Primary Division of Exposed Population
Division of the total population around an airport into INM grid points requires that each grid-point's population receive nearly equal exposure to aircraft sound levels. Hence, grid points need to be sufficiently dense, especially at locations close to the airport-so that aircraft sound levels are nearly identical across the area within which that grid-point's population resides. Such a grid-point approach to sleep awakening is consistent with standard output available from the INM. For each grid point, the INM provides the SEL and the associated number of occurrences (often fractions) for each modeled aircraft.
Differences in Sensitivity to NoiseInduced Awakening are Preserved
At each grid point, the population is divided into 33 sensitivity ranges. The number of people assigned to each level of sensitivity is determined by the Gaussian sensitivity distribution derived in the analysis. Table 6 gives that population distribution by relative sensitivity to noise-induced awakening-a large sensitivity range, Sensitivities on the logit scale are equally spaced. They are converted to equivalent sensitivities, in dB, by division with the L E regression coefficient ͑0.08617͒.
indeed. The number or percent likely to be awakened is computed separately for each population group.
Awakening Depends upon Time of Night
The analysis showed that awakening is more likely as time passes since retiring. Hence, during application the night is divided into nine hours, for which Table 7 gives increasing potentials to awaken. Division of the night into time intervals means that INM output needs to be computed for the same intervals. Such division of output is most easily managed by making separate runs of the INM. This division also means that an estimate of actual departure/arrival times is required as INM input.
Per Table 7 , for modeling purposes we assume that everyone retires at 22:00 ͑10 p.m.͒-for lack of actual retiring times and to be consistent with the FAA definition of nighttime (22:00 to 07:00). Unfortunately, the actual retiring times for sleep-study subjects are not derivable from the sleep-study databases.
INM and these Equations Compute Awakenings
The INM, when run for the operations that occur during the desired time interval, will produce detailedgrid output that contains the SEL values and corresponding numbers of events needed for each calculation. In the very limited example of Table 8 , there are three 747400 departures from Runway 7L, each producing a slightly different SEL (METRIC_ONE) at this particular grid point.
Use of INM's detailed-grid output requires some care, however. Depending on the number of flight tracks and operations modeled, the detailed-grid output may contain hundreds of thousands of records. For this reason, the INM run may need to be divided into several parts.
Additionally, an overall simplification is possible by deleting from the grid output any SELs below a pre-determined threshold. Based on thresholds below which virtually no behavioral awakening occurs, it seems reasonable to limit sleep-awakening calculations to outdoor SELs of 65 dB or higher. This limit is reasonable from several perspectives. Assuming an outdoor-to-indoor noise level reduction of at least 15 dB, interior levels would be thereby limited to SELs of 50 dB or greater. This matches the data sets used for the present analysis, in which all measured interior levels exceeded 50 dB SEL. If behavioral awakenings occur below this indoor SEL value, that fact is not derivable from these data.
For comparison, Ollerhead et al. found that sleep "arousal" rates did not exceed non-aircraft noise-event arousal rates until outdoor SELs exceeded about 80 dB. 26 Passchier-Vermeer et al. found no increased "motility" above that of non-noise epochs at levels below 40 dB SEL indoors. 27 Basner et al. found no increase in motility, or changes to sleep-stage 1, beyond that occurring during the non-noise epochs, until aircraft noise maximums exceeded 35 dBA indoors (approximately an SEL of 43 dB to 45 dB). 28 It should be noted that increase motility and changes in sleep stage would be expected to occur at levels below those that produce behavioral awakenings, the subject of the method derived here.
Awakening Results Permit Comparison of Alternatives
Neither past research nor this current study has definitively identified adverse health effects that may be caused by noise-induced awakenings. Nevertheless, it is possible to use the awakening results produced by this method to communicate with the public and decision-makers and to compare alternative airport actions. Any changes in nighttime operations may be compared and rank-ordered by the results of this method. Additionally, use of contours can identify which communities around the airports are likely to experience the greatest changes in "people awakened." Such information provides opportunities to assess the value of additional modifications to nighttime operations-to limit increases in number of people awakened, or even to decrease those numbers.
SUMMARY AND DISCUSSION OF RESULTS
The alternative analysis of this paper provides a revised dose-response relation for single-aircraft awakenings, along with its extension to multiple aircraft during the night. This relation predicts awakenings as a function of aircraft indoor SELs, of the timings of aircraft events during the night, and of individual awakening sensitivity. For airport application, SELs and timings are available from INM input and output, by grid point, while individual awakening sensitivity is included through intermediate computations for 33 separate population subgroups.
Inclusion of Aircraft Timings Allows Computation of Timing-Related Noise Abatement
By including aircraft timings in the dose-response relation, noise abatement can be computed when aircraft are flown earlier in the nighttime. For example, using the T retire and the L E regression coefficients of Eqn. (5), each hour that a flight is moved earlier during the night is equivalent to a noise reduction of 2.8 dB (see Table 9 for the effects of other times, plus the effects of subject awakening sensitivity). Hence, significant reduction of awakenings may be possible by re-scheduling aircraft to fly earlier in the night. Note that "slow-wave sleep" occurs more in the first part of the night, thereby weakening the chance to awaken early in the night, compared to later in the night. 29 
Ignoring Influential Mediating Variables Biases the SEL Dependence Downward
Regression 3 (in Table 3 ) included noise-event timing and subject awakening sensitivity, while Regression 1 ignored those two mediating variables. Their omission thereby biased the L E coefficient downward by a factor of 2.2 (0.08617 divided by 0.03888). Figure 9 illustrates that bias, as follows. The figure contains five solid curves from Regression 3, for various values of noise-event timing and subject awakening sensitivity. As shown, both the timing and the sensitivity coefficients in the regression displace the logistic curve sideways (as in all logistic regres- sions), thereby changing the chance of awakening upwards or downwards at any given indoor SEL. The figure also contains the single dashed line from Regression 1, independent of event timing and sensitivity. The lower slope of Regression 1 is needed for it to "cover" the full data field, horizontally, which Regression 3 covers with multiple curves. 30, 31 Of most importance, Regression 3's higher slope is more "relevant" than the lower slope of Regression 1. Everyone who lives near an airport has just one specific sensitivity, and each aircraft during that person's night has just one specific timing. So each person-aircraft combination is represented by just one of these highersloped dose-response lines. Any noise reduction for that aircraft will benefit that person according to the slope of that specific line. For the central Regression-3 line in the figure, an SEL reduction from 82 to 72 dB would decrease the chance of awakening by 29 percentage points, from 65 to 36 percent. In contrast, Regression 1 indicates a reduction of only 12 percentage points, from 47 to 35 percent. For that person and that aircraft, Regression 1 "washes out" more than half of the benefit of noise reduction. 32 In brief, when influential mediating variables are omitted, the resulting lower slope for aircraft SEL does not mean that aircraft noise is only a "weak determinant" of sleep awakening. Instead, it means that the full SEL effect still lies hidden within the data scatterbecause SEL is being asked to substitute for the ignored variables in explaining the data scatter.
Sensitivity Subgroups Eliminate Prediction Bias
Intermediate computation of awakenings, by sensitivity subgroup, predicts a more accurate (unbiased) total of awakenings than does only one prediction with "average sensitivity." Figure 10 illustrates this fact, with a simplified example that compares a computation with sensitivity distribution to a computation that ignores that distribution.
Three dose-response curves appear in each frame of the figure: (1) a central curve for a person with average sensitivity, (2) a curve 10 decibels to its left, for a person 10-decibels more sensitive, and (3) a comparable curve to its right, for a person 10 decibels less sensitive. Note that this horizontal displacement is symmetrical about the center curve-conforming to the sensitivity symmetry of Fig. 5 and Table 6 , above.
Due to their horizontal displacement relative to one another for any particular SEL, the three curves predict different awakenings, vertically. But the vertical differences are not symmetrical about the center curve, because the curves are not straight lines. This non-linear vertical behavior is crucial to their awakening implications. The upper curve represents (in a one-curve, very simplified manner) all the people who are more sensitive to noise awakening than average. The bottom curve similarly represents the less-sensitive people. As shown by the intersecting vertical line in the right frame (50 aircraft per night), when these two curves compute awakening for a 90-decibel aircraft, they compute 100% of the more-sensitive people and 66% percent of the less sensitive people-which averages to 83% of everyone (the shaded circle in the figure) . This value of 83%, which accounts for sensitivity (in this very simplified manner), is significantly less than 92% from the central curve, which ignores sensitivity. At least in this SEL region, for 50 aircraft per night, "average" sensitivity significantly over-estimates awakening. 33 The opposite is true in the left frame of the figure (10 aircraft per night), where the average of high and low-sensitivity curves, at SEL equals 70 dB, yields 12% awakenings (accounting for sensitivity), whereas the average curve (ignoring sensitivity) yields a lower value-that is, 9%.
In short, ignoring sensitivity produces biased results. As this figure illustrates, when the computation is done separately by sensitivity subgroups (see Eqn. (5), above), the results differ from a computation that ignores sensitivity distribution (an average-person computation). The average-person bias results from an improper use of average input (average person) in a computation that is not linear. Grid-point computations around an urban airport have shown average-person biases that are larger than 10 decibels.
Uncertainty Analysis and Validation Reduce Doubt about Analysis Results
Figures 6 and 7 include 95-percent confidence bounds. Those bounds show clearly that uncertainty is very small with many aircraft per night, averaged over many people (many sleep sensitivities)-even for airport applications where SEL input and timings are not precisely known (see Sec. 7.3).
Validation with the independent "validation" data showed a relatively small potential bias in the regression results. It also showed the validity of the uncertainty analysis for independent test subjects. 34 Further, the results of this paper might well apply to other airports-based upon the strong consistency of noise-induced awakenings among various studies in the past, especially among those studies that used similar methods and metrics of awakening. 3, 4, 6, 7, 11, [26] [27] [28] For awakening, consistency may result from physiological consistency among humans. In contrast for annoyance, poor consistency across air facilities and communities may result from highly variable attitudes of airport neighbors towards specific airports, as well as a host of other non-physiological factors.
To determine the believability of computed results, both the Environmental Protection Agency (EPA) and the Congressional Office of Management and Budget (OMB) strongly recommend uncertainty analysis as an integral part of any environmental computation.
35,36
Assumption of Aircraft Independence Appears Sufficient
Equation (3) assumes that successive chances of "sleeping through" aircraft during the night are mutually independent-that is, whether a person sleeps through one aircraft is completely unrelated to whether that person slept through the previous aircraft. It is possible that this noise-event independence is not true. Depending on the timing distribution of events within the night-and particularly the time lags between them-reactions to events might be quite dependent on each other. This can only be tested by future studies that model the impact of each noise event on subject reaction to events that follow it.
For example, people are in different "sleep stages" during different portions of the night. Awakening may be more likely in some of these sleep stages than in others, which will weaken the independence of successive chances of awakening. Moreover, sleep stages may be affected by noise-induced awakening or by spontaneous awakenings. As a result, awakening may be more likely shortly after a prior noise event-in particular, one that did not succeed in awakening but did succeed in bringing the sleeper to a higher sleep stageespecially when noise events follow one another closely in time.
The mathematics in this paper assumes that any such departures from noise-event independence will average out over the night-some sleep stages increasing, and some decreasing the chance of sleeping through each aircraft event. This paper's validation with the independent validation data set, including validation of computed uncertainties, tends to confirm that the assumption of noise-event independence is sufficient when the timing distribution of events is the same as with the regression data. Whether this is true for other timing sequences calls for further studies and sophisticated methods. In all, this paper's assumption of independence is not fully persuasive. Two recent papers discuss this independence issue. 37, 38 
Analysis Method Likely Overestimates Awakenings
When applied to an airport scenario, Eqn. (5) likely overestimates awakenings, because the data that underlie that equation excluded the 20 percent of sleep subjects who were never awakened by aircraft events. 23 The amount of overestimate is not possible to determine from the data, however. At one extreme, if that entire 20 percent consisted of truly "imperturbable" people, then only the remaining 80 percent are susceptible to awakening by aircraft (at least for the sound levels encountered here). For this reason, the computed percentage awakenings from Eqn. (5) should only be applied to that 80 percent of the population, thereby reducing awakenings to 80 percent of the value from Eqn. (5) .
However, as discussed in Sec. 2.2 above, some of that 20 percent were simply not tested long enough to be awakened. For example, LAX subject 34 was tested by only six aircraft, with a maximum indoor SEL of only 79 dB. From such a sparse noise exposure, we certainly cannot conclude that this subject was "imperturbable." So at the other extreme, if that entire 20 percent consisted of subjects not tested enough to tell, then Eqn. (5) would produce no over-estimate at all. Those subjects would be legitimate to exclude, for lack of adequate testing.
The truth is somewhere in between these two extremes-though it can only be speculated from the exposure data in Figs. 2-4 , above. Rather than speculate, we accept some intermediate amount of over-prediction-thereby over-estimating noise impact during application.
APPENDIX A: DERIVATION OF DOSE-RESPONSE UNCERTAINTIES
In the main body of this paper, Eqn. (2) contains the dose-response relation for single aircraft, while Table 3 contains that relation's regression coefficients and their standard uncertainties. These standard uncertainties show whether each individual regression coefficient is well determined. More important than individualcoefficient uncertainty, however, is the total uncertainty for the full dose-response curve (see the 95% confidence bounds in Fig. 6 , for example). This appendix derives total uncertainties for all dose-response relations above-single aircraft and multiple aircraft, for known subject sensitivities (the regression data) as well as uncertain subject sensitivities (validation data and later application at airports).
The derivations of this appendix are based upon methods in the ISO Guide to the Expression of Uncertainty in Measurement. 39 The ISO guide specifies how to "propagate" uncertainty through any algebraic function that computes an output y from a series of statistically uncertain input, x i . The equations for p awake in this paper are such algebraic functions.
Propagation of statistical uncertainty through any algebraic function, from input to output, requires use of the following:
͑7͒
In this ISO equation, all partial derivatives are determined analytically from y = f͑x i ͒, while logistic regression determines u x i , the standard uncertainty of each input, and r x i x j , the correlation between each pair of these uncertainties. On the left side of the equation, u y is the resulting standard uncertainty of y.
Whenever the underlying distribution of y is Gaussian (normal), then u y from Eqn. (7) is multiplied by a "coverage factor"-commonly 1.96-to convert it to a 95% coverage interval. In this study, however, the underlying distribution of y is not Gaussian. Instead, y is a probability and therefore has a binomial distribution, confined between zero and unity. To similarly confine y's 95% coverage interval requires a more-complicated conversion than this simple multiplication by 1.96. The required conversion uses the following set of equations: 40, 41 n ϵ y͑1 − y͒ u y 2 a ϵ n + ͑1.96͒
In the sections that follow, Eqns. (7) and (8) derive uncertainties for the various dose-response relations in the main text of this paper.
Regression Data: Uncertainty Only in the Regression Coefficients
When the dose-response relations of this paper are used with the regression data, input uncertainty resides only in the regression coefficients-uncertain because they derive from sampled data. Of interest is propagation of uncertainty through Eqns. (2) and (4)-resulting in the 95% confidence bounds of Fig. 6 for single aircraft and Fig. 7 for multiple aircraft. Table  10 collects all the necessary input uncertainties from the logistic regression that produced Eqn. (2) . The diagonal entries in this variance-covariance matrix are values of ͑u x i ͒ 2 -that is, the squares of each coefficient's standard uncertainty. The off-diagonal entries are values of r x i x j u x i u x j .
Single aircraft
For single aircraft, Eqn. (2) is repeated here:
where ␤ s is each subject's individual sensitivity to noise. From Eqn. (7), the standard uncertainty of p awake,single then computes as follows:
where the various values of u and r appear in Table 10 , above. Equation (8) must then be used to expand u p awake,single to the upper and lower 95% confidence bounds in Fig. 6 , above. Note that u p awake,single and its expansion depend upon the parameters L E , T retire and subject awakening sensitivity ␤ % , as governed by their presence in Eqn. (10) . Also note that each graph in the figure assumes one specific subject awakening sensitivity, ␤ % , per the labels to the left.
Multiple aircraft
For multiple aircraft during the night, Eqn. (2) is supplemented with Eqn. (4), repeated here:
The uncertainty in p awake,single propagates through this equation, to determine the uncertainty in p awake,multiple -assuming awakenings from all aircraft are independent-as follows:
͑12͒
As a special case, when all N aircraft have same probability and the same uncertainty: 
Validation Data: Uncertainty also in Subject Sensitivities
For the regression subset of data, all explanatory variables were measured directly and the data were analyzed to determine individual subject sensitivities. In contrast, for the validation subset of data, individual subject sensitivities are not known, because these data are never regressed to determine them. Hence, when the regression equation is applied to the validation subset of data, the chance of awakening must be computed with the average subject awakening sensitivity ͑−0.0379͒.
As is apparent, this most-likely sensitivity value will not be particularly good for many of the individual validation test subjects. In other words, if the regression equation is used to compute individual chances of awakening, person by person, it will be highly uncertain for the validation subjects. Mathematically, that is because the most-likely sensitivity has a large standard uncertainty-numerically equal to the standard deviation of the histogram of sensitivities from Fig. 5  (1.3469) . This large standard uncertainty results in a much poorer estimate of individual validation subjects than for the regression subjects, who have known sensitivities.
When the chance of awakening is averaged over many validation test subjects, however, uncertainty is reduced due to that averaging process. Mathematically: ͑u p awake,multiple ͒ G subjects = ͑u p awake,multiple ͒ 1 subject ͱ G .
͑14͒
With this additional factor, ͱ G, supplementing Eqn.
(13), the composite set of equations then computes the 95% confidence bounds in Fig. 7 , above-as well as the coverage bounds in Sec. 4.2. The good agreement in that section confirms the correctness and usefulness of these uncertainty computations for independent data.
Airport Application: Input Uncertainty, Also
When Eqn. (5) is applied to an airport scenario, uncertainty also exists in the equation's input: aircraft indoor SELs and their timings during the night. This paper does not attempt to incorporate these uncertainties into the formal mathematics. Instead, we estimate the general magnitude of these uncertainties and examine graphically their influence on the chances of awakening. In these matters, we rely upon judgment and experience.
Uncertain aircraft indoor SEL
Indoor-SEL uncertainty depends first upon the inherent uncertainties of INM. In our experience, INM predicts DNL usually within ±4 dB-corresponding to a standard uncertainty of 2 dB. This uncertainty range most closely relates to the energy-average SEL at any given location, because the energy-average SEL is what determines DNL. In contrast, sleep awakening is not a function of energy-average SEL, but depends upon SEL through the more-complicated Eqn. (2), above. Nevertheless, we take 2 dB to be the standard uncertainty of INM outdoor SELs, as well.
In addition, indoor-SEL uncertainty depends upon the variability from house-to-house of the outdoor-toindoor sound insulation. First, it is necessary to measure the average value of this around the airport of interest, to account for gross regional differences from airport to airport. Once this average value is known, however, that average value is used to convert all outdoor SELs to indoor values. House by house, this conversion is uncertain, of course-perhaps by another ±4 dB. However, desired at any grid point is the average percentage of people awakened, so this uncertain noise insulation is averaged in the calculations over all the homes at that grid point. This averaging process reduces the 2-dB standard uncertainty to a trivial amount-say, 2 dB/ ͱ 1000= 0.06 dB or so for 1000 homes at the grid point.
Uncertain aircraft timing and its SEL equivalent
In addition, uncertain aircraft timing also contributes to uncertainty in the chances of awakening. Timing uncertainty depends inherently upon the quality of INM input-the Official Airline Guide for scheduled aircraft, or projections of general aviation or military activity at the air facility. In addition, timing uncertainty derives from the 1-hour time windows used to compute awakening, so that each timing is good within ±30 minutes, at best. A total range of ±30 minutes corresponds to a standard uncertainty of ͱ ͑60 min͒ 2 /12Х 17 minutes. Per the regression coefficients in Eqn. (2) , this 17 minutes converts to an equivalent SEL uncertainty of ͑17͒͑0.00402/ 0.08617͒Х0.8 dB.
However, the cumulative effect at any grid point is the average effect of all aircraft during the night. Some of these will pass over earlier, and some will pass over later, than assumed in the INM input. To a first approximation, the combined standard uncertainty therefore corresponds to the uncertainty of the average passby time-say, 0.8 dB/ ͱ 10= 0.3 dB for ten aircraft per average night.
Total effect
These standard input uncertainties total to ͱ 2 2 +0.06 2 +0.3 2 = 2.0 dB, for a 95-percent confidence interval of ±4 dB. Figure 7 can be used to determine how important this amount of input uncertainty is to the computation of awakening. The most relevant graph in that figure is in the right column, third from the top (10 aircraft per night and 100 people averaged at the grid point). In that graph, ±4 dB converts to the following uncertainties in awakening: ±2 percentage points at an indoor SEL of 55 dB, and ±8 percentage points at an indoor SEL of 75 dB, and ±6 percentage points at an indoor SEL of 95 dB.
At 55 and 95 dB, this input uncertainty is about the same at the regression-coefficient uncertainty shown in the graph, while at 75 dB it is two-to-three times as large. At 75 dB, the probability of awakening equals a baseline of 0.30, which might increase to 0.38 due to input uncertainty. In terms of "odds" rather than probabilities, the baseline of 30/70 would thereby increase to 38/62-an odds multiplier of ͑38/ 62͒ ÷ ͑30/ 70͒, which equals only 1.4.
In all, once averaged over this many aircraft per night and this many people, input uncertainties do not significantly compromise the ability of the dose-response to usefully compute the percentage of people likely to be awakened at each grid point.
